Abstract
INTRODUCTION
In economic analysis, consumer behavior is expressed as a utility maximization problem subject to a given budget constraint. The demand functions are derived by solving the optimization problem. Demand describes the quantity of goods or services per unit of time that an individual purchases and consumes given the set of the prices and income of the consumer. The demand models based on continuous choice or discrete choice are popular in the economic literatures. Continuous choice model is based on neoclassical theory of consumer behavior while the relatively new discrete choice model is derived from the random utility theory. In the neoclassical theory, the utility is the function of quantities of commodity consumed, but in the discrete choice model, the utility is expressed as a function of attributes of the commodities. The neoclassical theory assumes deterministic behavior and deals with continuous (i.e., infinitely divisible) products. Calculus is used to derive many of the key results. Lancaster (1966) proposed that it is the attributes of the goods that determine the utility. Utility, therefore, can be expressed as a function of the attributes of the commodities. This theory explored the ideas of random utility theory or discrete choice theory. The individual choice behavior is intrinsically probabilistic. Discrete choice theory deals with a choice among a set of finite, mutually exclusive alternatives and so different techniques need to be used. However, the underlying hypotheses of random utility remain intact. In health economics, both models are equally important although discrete choice models are often used because of the nature and availability of health data. Discrete choice depicts where and what kinds of health services to consume while the continuous choice portrays how much of health services to consume.
DERIVATION OF DEMAND FOR HEALTH CARE
In the econometric modeling of demand function, the dependent variable usually reflects utilization of health care services. Observed utilization level reflects the point of intersection of demand and supply functions (market equilibrium) and the utilization of health care services reflects satisfied demand or observed demand. Sometimes, it is hard to clearly distinguish between these two functions from the observed data. In this situation, the explicit and implicit assumptions facilitate to estimate the demand function. For example, we use the term, in economics, "other things being equal" that limits the shifting factors, or supply factors, then it is possible to estimate demand functions. Similarly, the assumption of rational behaviour of the consumer reduces or ignores the possibility of supplier-induced demand in medical service.
Utilization of health care services has become a topic of widespread interest among the health economists. The determinants of demand for health care are important for a number of reasons. For example, quantification of these factors is necessary to assess medical care needs of the community and potential impact of utilization on health. Demand analysis can also indicate to the policy makers the role of consumer awareness and knowledge can play in improving the utilization of highly cost-effective health interventions or health services.
The economic models that are most relevant and commonly used in health care demand are the human capital theory and the orthodox utility theory. The first approach used for the analysis of health care demand is the inter-temporal model of utility function where utility depends upon the flow of healthy days from the stock of health and consumption of other commodities. The second approach is similar to orthodox utility theory that considers health as a choice commodity (Jack, 1999) . Grossman (2000; 1972) has developed inter-temporal utility model, which is based on the household production framework. The model, for the first time introduced the concept that consumers do not demand medical care per se, but it is a derived demand generated through the demand for health. Individual demands health for two purposes: consumption and investment purposes. Individual can maximize his utility by generating good health and better health enhances utility or happiness. Health is desired as an investment good since good health enhances earning capacity. Health, thus, is both a consumption and investment good.
Inter-temporal Utility Model
According to this model, the stock of health capital depreciates over time and the consumer can produce gross investments by using medical care and their own time as inputs. It is assumed that the efficiency of the production process depends on individuals' stocks of other forms of human capital, especially education. The rate of depreciation of the health stock rises with age. This implies that the stock of health falls with age. The optimal gross investment in health is positive until the last period of life. The marginal product of the stock of health diminishes as the stock increases.
Grossman's demand model has revolutionized the economic analysis of health (Leibowitz, 2004) . This model has opened up the possibility of further research in the areas of health economics, for example, allocating time between income and leisure, allocating remaining leisure time on health and non health activities, allocating earned income to health and non health resources, producing health capital for use in future years. The model, however, is not free from criticisms. The questions raised by the researchers are on unrealistic assumptions of the theory. The assumptions that are often criticized are the assumption of perfect information, deterministic nature of the model, and the endogeneity of length of life, among others. Some researchers have raised serious issues on methodologies that are used in estimation of Grossman demand model. For example, Ehrlich and Chuma (1990) have claimed that if health investment functions assume constant returns to scale technology, which is used by Grossman, creates "bang-bang" problem with respect to optimal investment and health maintenance choices. Similarly, Wagstaff (1993) has argued that the empirical formulation used by Grossman is inappropriate because it fails to take into account the inherently dynamic character of the health investment process.
Grossman has used a very different theoretical paradigm to describe the determinants of health outcomes (Grossman, 2000) . The empirical analysis of demand for health is also complicated because of the fact that theoretical models often involve inherently latent (unobservable) variables, which are often proxied by indicator variables. Many researchers have used the multiple indicators multiple causes (MIMIC) model, which can be estimated as linear structural relationships (LISREL). The researchers face problems of measurement of health related issues, particularly health status of the people among others. The Grossman model of demand for health, thus, has continued to be refined, modified from both the theoretical and empirical prospective. Grossman (2000) has provided a comprehensive review of this model in the theoretical and empirical ground and suggested further research areas of interest. Grossman model is more consistency with longitudinal data. In developing countries, data needed for the estimation of this model are not usually available and as a result, Grossman's models are usually applied in the developed country context.
Orthodox Utility Model
The second approach, the static concept of demand analysis, however, is derived from Grossman's model and focuses on the estimation of the effects of price and income on utilization of medical services and health care expenditure. This approach supports the conditional utility function that depends on health outcome and consumption of goods and services other than health care, subject to health production function and budget constraint. Many different model specifications have been used in the literature for the estimation of demand for health care. The model specifications are based on: a) price is interacted with income and b) time prices are entered into the utility function rather than the budget constraint (Levin et al., 1998 ) that leads to two groups of results on demand for health care.
Former group of studies have shown that price elasticities are relatively inelastic as in the case of the studies conducted in Malaysia (Heller, 1982) and the Philippines (Akin et al., 1986; Schwartz et al., 1988) . The later group of research studies suggest that changes in price affect quantity of health care demanded as shown by the studies conducted in Pakistan (Alderman and Gertler, 1989) ; Cote d'Ivoire (Dor and van der Gaag, 1987) ; (Gertler and van der Gaag, 1990) ; and Kenya (Mwabu, 1986) . The later concept of demand for health care that explores the effects of access prices of health care is popular in developing countries because the policies of developing countries concentrate on how to improve the access to health care services to the population.
MODELING OF DEMAND FOR HEALTH CARE

Continuous Choice Model
Continuous choice model can analyze the intensity of consumption and can predict the quantities of health care services consumed. Health care expenditure is a measure of intensity of consumption of the services. The analysis of determinants of health expenditure can be used to derive the optimal amount of health expenditure for a society (Matteo, 2003) and can identify the factors affecting the health care expenditure. The health care expenditure model can be applied to both micro and macro-level data; however, this review focuses on the studies based on micro-level data. The studies on determinants of health expenditure are limited in developing countries due to the fact that required data are not available and modeling of the health care demand is not straight forward (Rous and Hotchkiss, 2003) . Two major problems arise when attempts to analyze demand by using health care expenditure data: health expenditure data are highly skewed violating the assumption of normal distribution of the dependent variable and have presence of a large number of zero expenditures making it impossible to apply the ordinary least squared (OLS) methods (Chaze, 2005) .
The literatures on health care expenditure have demonstrated that most of the studies used parametric techniques to estimate the elasticities of income and prices (Matteo, 2003) . The parametric technique assumes a functional form, normal distribution and linear relationships; however, true shape of the functional form is unknown and it is highly sensitive to the choice of the functional form. The OLS method is highly sensitive to outlier values of expenditures. Sometimes the researchers have applied weighted least squares or generalized linear model, to get rid of these problems but this does not able to solve all problems that arises from nature of health expenditure data. The log linear specifications are used to minimize these problems in estimations of demand functions, as well. Again, the researchers use log for dependent variable (log linear) to avoid the normality problems however, this technique cannot ruled out but reduces the problems (Wooldridge, 1992) .The log linear form, applying natural log of both dependent and independent, facilitates the estimation of elasticities. However, from theoretical prospective, both linear and log linear specifications are inconsistent with budget constraint (Hunt-McCool, et al 1994; Deaton and Muellbauer, 1980) . In this case, sum of all price and income elasticities are equal to one. We can't get the information from the estimated elasticities on luxurious goods or necessity goods or inferior goods.
Under such circumstances, relatively advanced methods, such as non-parametric and maximum likelihood techniques are used to solve these problems. Non-parametric technique is quite flexible that reduce the distribution assumptions. The techniques assume that there are non-linear relationships between health care expenditures and other economic variables, such as income. This technique is also called distribution free method that is useful to deal with both inadequacies of functional form and data with respect to outliers. These methods are consistence with budget constraint and consumer behaviour as well. Deaton and Muellbauer (1980) have developed an ideal demand system that is derived from dual of utility maximization. They derived the expenditure function, which is inverted of the indirect utility function. The dependent variable of this demand function is log of share of particular expenditure on goods or medical services to total expenditure. Hunt-McCool, et al. (1994) has estimated demand for inpatient services and outpatient services using this concept.
There are also estimators known as semi-parametric, which make some distributional assumptions, but fewer than the parametric estimators. Quintile regression, semiparametric based method, assumes a parametric specification for the qth quintile of the conditional distribution (Jones, 2000) . Heteroskedaticity problem can be dealt with by estimating quantile regressions (Deaton, 1997) . If the quintile regression lines are not parallel, this informs heteroskedaticity. The quintile regression estimator is popular now because it provides more efficient estimation than the least square models do (Yu et al., 2003) . Quintile regression explores the information about the distribution of the dependent variable rather than the conditional mean. As we know that there are two alternative methods in econometrics to analyze the data in dependent variable (y) and given x (independent variables): conditional expectation or mean, E(y/x) or conditional median, M(y/x). Conditional mean is conventionally popular than conditional median (Wooldridge, 1992) . Manning et al. (1995) has applied quantile regression to estimate the demand for alcohol.
Non-linearity can arise many ways. For examples, nature of the data, truncated and censored, causes nonlinear. Maximum likelihood estimators has been continued to use as an alternative method for non-linear estimator (Cameron and Trivedi, 2005) . The generalized flexible Box-Cox transformation model, which is based on maximum likelihood estimates, uses nonlinear transformations of the dependent and the explanatory variables of an OLS regression model. The Box-Cox device is also appropriate for a model with no apriori functional form has been utilized widely in econometric modeling. The researchers have claimed that the Box-Cox transformation method is appropriate for hedonic relationships as well. Hedonic expenditure relationship approaches are also applied in health care expenditure modeling, such as (Goldman and Grossman, 1978; Levy and Quigley, 1993) . The Box-Cox technique has been used in strictly positive continuous value order to achieve normality. The method does not use the nonlinear transformation of dummy variables. It has some features that can solve the problems of robust estimation as well as hedonic pricing. This device, however, has some limitations, for example, this yields transformation bias (Kanamori and Takeuchi, 2006) .
There are several approaches of modeling limited dependent variable like the two-part model, the Tobit model, the sample selection model, hurdle models and finite mixtures models. Two-part model comprises binary logit/probit model and OLS model. Binary logit/probit models have been applied for understanding whether individuals make any health care expenditures and OLS has been used only on the sub-sample with non-zero expenditures (log of expenditure). However, there is possibility of sample selection bias if there are many zeros (Chaze, 2005) . The Tobin model assumes that the individuals choose the levels of health expenditure to maximize their welfare. Zero expenditure represents a corner solution where preferences for health care are so low that the individual is better-off spending nothing on health care.
Discrete Choice Model
Discrete choice models are typically used to obtain estimates of price elasticities of demand for health care. The left-hand side dependent variable is often measured as the incidence of use of various kinds of health facilities (for example, self care, private facility, public facility, traditional healer), though some studies utilizes continuous variable as intensity of consumption of health service to measure demand for health care.
As mentioned above, the discrete choice theory is derived from the random utility model (RUM) that expresses the rational utility theory of the consumer and a lack of information regarding the characteristics of individual or alternatives on the part of the researchers (Train, 2003) . The researcher only observes that part of the utility that makes up from the alternatives. The alternatives are mutually exclusive, finite and exhaustive in the discrete choice model.
The indirect utility function is decomposed into two functions: one depends on observable factors and the other captures the effect of unobserved characteristics. (Varian, 1992) .
V is a systemic component of utility and i ε is a stochastic component of utility.
A decision maker faces a choice among i alternatives. and j, then the probability that alternative i is chosen is given by
From this, it can be seen that the higher difference in the probability for choosing an alternative, the larger the difference in observed utility. Hence, observed choice is determined by the difference in utility not the level of utility per se. Due to this reason, in the process of estimation of demand for health care, one alternative should be normalized. Most of the studies have used self-care as a base category whose prices are almost zero in most cases.
Specification of the behavioural model and estimation of the parameters of the model that are interrelated tasks in discrete choice model are challenging for the researchers. The discrete choice models that are based on probability of events are relatively less informative to the researchers. Researchers are facing the problems how to take full advantages of information available from estimated results and to present the reader friendly manner. For this purpose, the researchers need to know at least the capabilities and limitations of the choice models.
Logit (binary as well as multinomial) and nested logit are derived under the assumptions that the error terms are independent and identically distributed (iid) and extreme value distributed. The probit model (binary as well as multinomial), on the other hand, is derived under the assumption that the unobservable part of utility is normally distributed (Train, 2003) . The multinomial logit (MNL) model has a special property as it assumes independence of irrelevant alternatives (IIA). The IIA assumption is identical to the assumption of independent and identically distributed (iid) random components of each alternative. There are three properties of IIA viz: a) probabilities range from zero to one b) sum to one over alternatives and c) S-shaped function of representative utility. Unobserved factors uncorrelated over alternatives and same variance for all alternatives, known as IIA. This implies that the ratio of the probabilities of choosing one alternative over another is unaffected by the presence or absence of any additional alternatives in the choice set. Consider the ratio of the choice probabilities for two alternatives j and k. The ratio of these two probabilities does not depend on any alternatives other than j and k. Since the ratio is independent from alternatives other than j and k, it is said to be independent from irreverent alternatives.
The cross elasticity is the same for all alternative due to IIA assumptions. MNL, therefore, is not useful to estimate cross elasticity among the alternatives. The nested logit (NL) model is a generalization of the MNL model that allows for a particular pattern of correlation in unobserved utility (that is differences in cross-elasticities of substitution across alternatives). An NL model is appropriate when the set of alternatives faced by a decision maker can be partitioned into subsets, called nests. Theoretically, the multinomial probit model does not impose IIA and is attractive; however, it has some practical limitations. The practical complexity not only makes it difficult to obtain the partial effects on the response probabilities, but also makes maximum likelihood infeasible for more than about five alternatives (Wooldridge, 2002 ).
Ordered logit model uses categorical variable where respondents are asked to report a particular category and where there is a natural ordering such as excellent health, good health, fair or poor health . It seems reasonable to assume that excellent health is better than good, which is better than fair, which is better than poor, for everyone in the population. An econometric model that can be used to deal with ordered categorical variables is the ordered probit model. Mixed logit is based on the assumption that the unobserved portion of utility consists of a part that follows any distribution specified by the researcher plus a part that is iid extreme value. With probit and mixed logit, the integral does not have a closed form and is evaluated numerically through simulation. All studies have demonstrated that prices of health services do affect the demand for health care; however, the size of the impacts may differ with model specifications and the nature of data.
Health sector data have special features like discrete nature of the data, problems of censoring, integer counts or time duration and several factors complicate attempts to obtain unbiased estimates of the impact of variables that influence demand for health care. The health care data provide wider applications of econometrics models that are binary logit/probit, multinomial logit/probit, nested logit, ordered logit, mixed logit, Tobit, negative binomial, finite mixture, among o thers. These models have some advantages in presenting and analyzing the choice behaviour; however, they have some limitations as well. Subsequently, the researchers are continuously interested to find and to apply appropriate models to describe the choice behaviour of the decision makers. Scott et al. (1996) conducted a research to explore the associations between outcome variables and the consumer's characteristics using three set of binary choice: decision to follow up; to prescribe; and to perform or to order a diagnostic test utilizing national health survey data 1989/90 of Australia. Yip et al. (1998) estimated the utilization of health care using multinomial logit model to estimate the factors that influenced consumers choice of medical provider in the three tired health care system in rural china. Gertler and van der Gaag (1990) and Mwabu et al. (1993) , a few of them, have investigated impact of user fee in choice of health care services using nested logit and multinomial logit models. Cameron et al. (1988) have developed a count data model to analyze the choices of insurance plans and health care providers using household survey data of Australia. Dow (1995) has compared the specification of the models: parsimonious non-linear, linear and flexible using Cote d'Ivoire health care data and found that results are sensitive to choices of model specification and flexible model was considered more appropriate to get robust estimation of health care demand. Similarly, Bolduc et al. (1996) has estimated demand for health care using three different models: multinomial logit, independent multinomial probit and multinomial probit using data from rural villages of Africa. They have found similar result as suggested by Dow (1995) about the impact of model specification on results and questioned previous results of using multinomial logit specifications. Kenkel (1990) has applied ordered logit model in categorical measures of health related information of US national health interview survey to estimate the effect of socioeconomic variables to health information and demand for health care. Recently, Borah (2006) has applied a very sophisticated and more powerful model, mixed logit model, on health care data collected in India.
For the empirical analysis of demand for health care, self-reported illness and first consultation with health care providers are used as the primary variables, although questions have been raised about the reliability and validity of these variables. Selfreported illness may produce biased results as the perception of illness may be different for poor and non-poor individuals and perception about a disease affects the choice of health care services and providers (Akin et al., 1998) . Akin et al. (1998) have nicely described the possible bias in the estimation of health care demand and suggested solving this problem by controlling for bias in sample selection. They used symptoms of the diseases in order to determine ill respondents.
Another potential problem in the estimation of demand is that the consumers may consult more than one provider for treatment for the same episode (Gertler et al., 2000) ; therefore, analysis based on the first visit to health care provider does not capture the complex decision-making behaviour of the people. The demand analysis with multilevel approach could be extremely useful in this situation (Jack, 1999) .
CONCLUSIONS
Demand analysis of health care is determined by approaches of demand, the nature of data, econometric models. The longitudinal data requires inter-temporal utility model. Orthodox utility model therefore is more popular then inter-temporal utility model in developing countries. Continuous choice model can analyze the intensity of consumption; however, discrete choice is used to explain the likelihood of using different kinds of services and whether or not to consume certain types of care. The discrete choice cannot describe the intensity of consumption of the services and can predict the quantities of health care services consumed. Due to discrete nature of the data, discrete choice models are more popular than continuous choice model. Indeed, the existing literatures on discrete choice model deal with first consultation of health care providers, however; in reality, the consumers may make several visits to find the standard health care. The demand analysis based on first consultation of health care providers does not capture path of decision making process and underestimates the total cost of health care and its consequences. It needs to develop the multi-stage demand model that can capture the sequential demand for health care. The reviews reach to the conclusions that the debates on theories as well as empirical estimations of demand for health care are continuing, consequently, the various arguments encourage the researchers to experiment and develop new, more-appropriate approaches for the estimation of health care demand.
